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1. Introduction
Because the soil surface occurs at the boundary between the atmosphere and the pedosphere,
it plays an important role for geomorphologic processes. Roughness of soil surface is a key
parameter to understand soil properties and physical processes related to substrate movement,
water infiltration or runoff, and soil erosion. It has been noted by many authors that most of
the soil surface and water interaction processes have characteristic lengths in millimeter scales.
Soil irregularities at small scale, such as aggregates, clods and interrill depressions, influence
water outflow and infiltration rate. They undergo rapid changes caused by farming imple‐
ments, followed by a slow evolution due to rainfall events. Another objective of soil surface
roughness study is investigating the effects of different tillage implements on soil physical
properties (friability, compaction, fragmentation and water content) to obtain an optimal crop
emergence. Seedbed preparation focuses on the creation of fine aggregates and the size
distribution of aggregates and clods produced by tillage operations is frequently measured.
Active microwave remote sensing allows potential monitoring of soil surface roughness or
moisture retrieving at field scale using space-based Synthetic Aperture Radars (SAR) with high
spatial resolution (metric or decametric). The scattering of microwaves depends on several
surface characteristics as well as on imagery configuration. The SAR signal is very sensitive to
soil surface irregularities and structures (clod arrangement, furrows) and moisture content in
the first few centimeters of soil (depending on the radar wavelength). In order to link the
remote sensing observations to scattering physical models as well as for modelling purpose,
key features of the soil microtopography should be characterized. However, this characteri‐
zation is not fully understood and some dispersion of roughness parameters can be observed
in the same field according to the methodology used. It seems also, that when describing
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surface roughness as a whole, some information related to structured elements of the micro‐
topography is lost.
2. Data SAR – Electromagnetic models and soil modelling: Position of
problem
Synthetic Aperture Radars allow the study of agricultural bare soils by measuring the
backscattered coefficient. The backscattered signal depends on the surface roughness, on the
electrical permittivity which is closely linked to the soil moisture and texture. It varies
depending on the frequency and polarization of the transmitted electromagnetic wave and on
the incidence angle [1-4]. The electromagnetic modeling is a valuable tool for radar data
inversion to intend to characterize the roughness and / or the humidity of agricultural soils.
The electromagnetic models based on the Maxwell's equations and the boundary conditions
can be classified into two categories: analytical models [5] and numerical models [6-9].
The analytical models are based on physical approximations which reduce the applicability
domain. But, these models have an obvious interest: the electromagnetic field scattered by the
surface and the coherent and incoherent intensities are given by analytical formulas arousing
physical interpretations. The first-order small-perturbation method (SPM1) is only valid for
surfaces with small roughness versus the wavelength [10] and the Kirchhoff approximation
(KA) is applicable to surfaces with long correlation length [11-12]. The small slope approxi‐
mation (SSA1) has an extended domain of applicability which includes the domains of the two
previous approaches [13]. It is likewise for the integral equation model (IEM) which became
the most quoted and implemented rough surface scattering model in the field of radar remote
sensing for earth observation [14]. These four analytical models assume that the soil can be
represented by a stationary random process. The stationarity is not clearly established for
agricultural soils, especially in the presence of very marked furrows [15]. These models require
the knowledge of the autocorrelation function. In addition, the models KA, SSA and IEM
require the one-point and two-point height probability distributions. The calculations are
typically conducted with the Gaussian probability density function. The Gaussian character
is observed for seedbeds with furrows slightly marked but to our knowledge, it is not the case
for ploughed soils [9, 16]. Furthermore, tilled agricultural soils are anisotropic surfaces and we
have to take into account the quasi-periodicity of the surface in the estimation of the coherent
and incoherent components of the backscattered signal [17]. Fractal and multi-fractal ap‐
proaches for describing agricultural soils were also implemented. Some works allowed
extending electromagnetic analytical models to the fractal character of soils [18-19]. So, the
remote sensing studies using these analytical models consider a global description of the
scattering surface and do not take into account their structuring objects such as soil clods, holes
and aggregates [20]. Then, for the analysis of radar data, it is essential to extend the analytical
models by taking into account these structuring objects which needs the understanding of their
statistical properties and their influence on the autocorrelation function.
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The second class of electromagnetic models relies on numerical methods for solving Maxwell's
equations and boundary conditions [6-8]. These models are so called exact if no physical
approximation is made. These models do not provide an analytical solution of the problem
and require high computational times. This is a major drawback for the inversion of radar data.
Advanced numerical methods have been developed over the past two decades to reduce
computational time [21]. For these numerical methods, the scattered intensities and the
backscatter coefficient are estimated over results of a finite set of surface realizations. The
estimation error depends on the number and size of surfaces. These numerical models
associated with the Monte Carlo method rely on surface generating algorithms. Agricultural
bare soils have structuring objects contributing to the backscattered signal. Except for a few
references [22], the surface generators are based on a global approach and do not take into
account the objects characterizing agricultural soils. To improve the analysis of radar data, it
makes sense to move forward in the statistical description of the structuring objects, to develop
new surface generating algorithm in accordance with the statistical properties of these objects
and to interface them with numerical electromagnetic models.
3. Statistical and spatial analysis of soil roughness
Several types of surface roughness may be recognized from micro relief variations to larger
level variations representing the landscape. At millimetre or centimetre-scales, soil surface
roughness mainly results from the breakdown of the superficial soil layer by tillage operations.
Depending on the soil properties, in particular texture, organic matter content and moisture
state of the soil material, and on the tillage tool, different aggregate sizes will be produced
(figure 1).
Figure 1. Microtopography of a seedbed surface
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3.1. Background
Two approaches are commonly investigated for statistical and spatial analysis of soil rough‐
ness at these scales. In the first one, the surface roughness is characterized as a whole by its
autocorrelation function model or by its variogram and is summarized by statistical indices:
root mean square of heights, correlation length, roughness exponent or Hurst coefficient,
parameter Zs, tortuosity or other specific indices [9, 15, 23-31]. Fractal and multifractal
description are investigated too [32-34]. In the second one, local and morphological aspects of
the surface are brought into focus such as aggregates, clods and mound-and-depression
patterns [20, 28, 35-43].
Direct ground field measurement of surface roughness can be performed by either contact
techniques [44-46] or non-contact techniques such as close range photogrammetry [15, 26,
47-50] or laser scanning [32, 51-53]. Some authors made comparative studies [30, 54-56] and a
review of the measurement techniques can be found in [3]. Although close range photogram‐
metry and laser scanning enable retrieving a 3D digital elevation model (DEM) of the soil
surface, many authors still carry on characterizing soil surface roughness by extracting 1D
profiles on the 3D measurement [50, 57-58]. This can be explained by the fact that 1D statistical
indices are widely spread and serve as reference, since measurement of 1D profiles was
developed in the first place. Nevertheless, it traduces also a lack of microrelief modelling. In
the field of soil moisture retrieval from SAR imagery, Lievens and Verhoest, [59], are led to
propose methods to circumvent surface roughness parameterization problems.
Blaes and Defourny [30] and Dusséaux et al. [9] suggest using a bidimensional autocorrelation
function to characterize bare soil agricultural surfaces. Bidimensional approach is more
appropriate to the measurement of roughness anisotropy related to multiscale processes (row
structured field, clod arrangement). In order to improve statistical characterization of bare soil
surface microrelief, we highly focus on 3D DEM interpretation study. The proposed approach
is detecting and localizing clods and big aggregates by segmentation methods, modelling them
by a simplified geometric form, estimating the statistical distribution of the modelling
structuring object parameters and then generate numerical surfaces by setting structuring
objects onto a substrate according to statistical laws.
3.2. 3D-DEM interpretation
Millimetric DEMs of the soil surface were seldom used for detecting and localizing big
aggregates and clods. In 3D, an individual clod (or big aggregate) is seen as a local bump
standing out with slightly sharp boundaries (figure 2). It is a recognizable structure presenting
rather medium or high level values, with a high gradient on the edges, but inside color level
values are non-homogenous. Two newly built methods have been presented [41- 42, 60].
Addressing the problem of detecting and localizing clods requires also an evaluation meth‐
odology. We propose several qualification tools based on the knowledge of a ground truth
serving as reference. The detection performance can be evaluated by estimating the sensitivity
sen and specificity spe, defined as follows:
Advanced Geoscience Remote Sensing210
1 nsen f= - (1)
where f n = number of not dectected clodsnumber of assessed clods
1 pspe f= - (2)
where f p= number of erroneously detected clodsnumber of clods detected by the method
f nand f p represent the rates of respectively misdetections and false alarms.
Figure 2. Clod representation in 3D
There is usually a compromise between sensitivity and specificity for a detection method.
Setting of the method parameters can be made by constructing the receiver operating curve
(ROC), eventually introducing weight reflecting the cost of a bad decision [61].
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The localization performance can be estimated by computing the overlap rates between each
detected clods and matched reference clods:
( ) ( ) / ( )v i ti i tiO i A I I A I I= I U (3)
where Ii is the set of pixels located inside the identified boundaries of the clod i, Iti the set of
pixels located inside the true boundaries of the clod i, and A(I i) the cardinal of Ii. Ov is null
either when a true clod is not identified or when a false positive has been detected. The ideal
case corresponds to an overlap rate equal to 1 for all the clods. This ideal case leads to a
cumulative distribution function (cdf) equal to 0 for an overlap rate strictly lower than 1 and
equal to 1 for an overlap rate upper or equal to 1 [60].
Now, in [41], clod identification is obtained by merging information on local maxima enhanced
at different scales by wavelet transform. Clods are successfully identified by their summit and
two diameters on several kinds of soil surfaces. Boundary points are estimated by thresholding
the height slope. The detection performance was evaluated with the help of a soil scientist on
a controlled surface made in the laboratory as well as on real seedbed and ploughed surfaces,
made by tillage operations in an agricultural field. A minimum size, set here to 7 mm of
diameter depending on the DEM horizontal resolution of 1mm, is required for aggregates, in
order to prevent a high false positive rate. Indeed, one has to be able to count the aggregates.
The identifications of the clods were in good agreement, with an overall sensitivity of 84% and
a specificity of 94%. A limitation of this method is that it does not provide the clod boundaries.
An example of clods identification on a part of seedbed surface is provided on figure 3. We
can see that most of the mounds have been identified. A small one, with center coordinates
located near (50, 15) has not been detected.
In order to get the clods boundaries, a contour-based method has been proposed by Taconet
et al. [42]. The clod boundary is determined by hierarchy of closed elevation contours going
through the pixels of highest gradient values. This second method gives satisfactory results
with a clod identification sensitivity of 75% and specificity of 95%. Figure 4 displays the clods
localization obtained in the same part of seedbed as on figure 3.
There is a good agreement with the identification of clods by wavelet-based method. The small
clod that was not detected is now identified (clod number 5 in figure 4), but two clods are not
detected anymore, illustrating the lower sensitivity of the contour-based method.
The contour-based method has been tested until now, on freshly tilled seedbed and artificial
soils which both contain mostly distinct clods and aggregates. Furthermore, defining clod
boundary as an elevation contour requires that the substrate of clods has little variation, which
is not the case of ploughed surfaces. Indeed, the automatically retrieved clod boundaries are
generally underestimated and lay at a constant height, which is not very realistic.
Another approach is developing a more classical method of image segmentation based on
mathematical morphology, the watershed-based method [62]. Such a method has been
introduced in [63]. It relies on a transformation of the DEM image in order to produce a pseudo
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Figure 3. Automatic localization of clods by wavelet-based method
Figure 4. Automatic localization of clods by contour-based method
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elevation image of greater dynamic to enhance the clods and on mixing information on heights
and gradients so that the local minima correspond to clods bases. Figure 5 shows the cdf of
overlap rates estimated for the contour-based and the watershed-based methods on a seedbed
DEM.
The cdfs have the same value at the origin, showing that both methods have the same rates of
false detected and not detected clods. The clods localization is all the better than the cdf is low.
The watershed-based method cdf being higher than the contour-based one, it shows that, for
this surface, the classical image segmentation method does not perform better than the newly
built method. However, it does not have the drawback of horizontal clods bases. Thus
identifying clods and big aggregates on a millimeter DEM remains a complex problem. Also,
a specific approach of contour moving based on the minimization of a cost function related to
clods detection properties has been introduced [64]. Based on the characterization of clods, as
recognizable structures presenting rather medium or high level values, with a high gradient
on the edges and low height values on the boundary, we have defined four criteria, linked to
heights and gradients again, that characterize the clod boundary. Contrary to [42], the
hypothesis of a horizontal base does not exist anymore. The minimization is performed by a
meta-heuristic inspired from the simulated annealing algorithm [65]. Let us notice that each
identification method can be used to initialize the contour moving algorithm, however, until
now, the results are better if the initial contours lay inside the reference boundaries. The overlap
rates can be enhanced by up to 10%.
Figure 5. Cdf of overlap rates for watershed- and contour-based segmentation methods
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4. Modelling of soil characteristics
As clods and aggregates are irregular shaped objects, a way to define relevant indices in size
and shape is representing them by a simple approached form which matches closely their
horizontal and vertical extents. In numerical generation of soil surfaces, clods and aggregates
are usually modelled by half circles [22] or half spheres [38] or part of spheroids [66] put onto
a substrate which may be a plane surface, an exponentially correlated random surface, or a
surface representing furrows. In [66], the spheroids are equal-sized and regularly placed on a
square grid. In [38], an envelope-Boolean surface generation model was introduced, where
half spheres were set onto a plane according to the desired statistic. Two artificial surfaces
were manually created by distributing aggregates randomly on a plane. Then structuring
elements were generated by a Poisson point process reproducing the occurrence of aggregates
size classes. It was suggested that the use of other primary function than half-sphere, like
ellipsoids, could improve the performance of the surface generation process. In [22], the soil
surface is described as a substrate, modelled by a 1D profile of Gaussian distribution of heights,
with an exponential autocorrelation, and clods, modelled by half circles, randomly and
independently set onto the substrate. Size of clods and distance between them obey to
statistical laws that are not estimated from observations.
The  choice  of  a  modelling  shape  is  dependent  on  the  type  of  soil  considered  in  an
experiment.  In  [67],  soil  compaction  extent  is  described  by  a  half-ellipse.  In  [20],  it  is
proposed to fit an ellipse to clod horizontal boundary contour and a half cosine function
to the height shape. A semi-ellipsoid can also be suitable to fit the height shape of clods
and aggregates. Mathematical frame of these modelling is presented hereafter.
4.1. Equivalent ellipse modelling clod base contour
The equivalent ellipse denotes the best fitting ellipse of a plane closed contour. Let O be
the barycentre of the considered clod, R = (Oxy) its barycentric reference and Re = (OXY)
the inertia principal reference. Estimation of the three shape parameters (semi-major axis
length a, semi-minor axis length b and orientation angle θ, (i.e. the angle between the major
axis supported by (OX) and the horizontal axis supported by (Ox)) is based on the method
of  geometric  moments  [68].  The central  second order  moments  in  the  barycentric  refer‐
ence, where the summation extends over all the pixels located within the clod boundary
contour are given by:
2 2
1 1 1
1 1 1,N N NOx i i xy i i
i i i
I y I x and I y xOyN N N= = =
= = =å å å (4)
in the barycentric reference, where the summation extends over all the pixels located within
the clod boundary contour. Using these geometric moments, the length of the semi-axes (a,
b) and the orientation angle θ  are calculated as follows:
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1 21 tan ( ) ( )2 2
xy
Oy Ox
I k k NI I
pq q-= ± Î- (5)
where only one orientation angle is kept so that θ varies within −π / 2, π / 2  interval, and:
2 2
1 2 cos sin sin 2Ox Oy xym I I Iq q q= + - (6)
2 2
2 2 sin cos sin 2Ox Oy xym I I Iq q q= + + (7)
1 2max( , )a m m= (8)
1 2min( , )b m m= (9)
4.2. Semi-arch of cosine modelling clod height shape
The height of the semi-arch of cosine h c is estimated by least squares minimization of the sum
of squared residuals:
22 2
2 21
( ) cos 2
cN i ii i b c
i
x yz x y h h a b
pe
=
é ùæ öê úç ÷= - - +ê úç ÷è øë û
å (10)
where z, is the elevation at point (xi, yi) in barycentric reference, and h b the elevation of the
clod base contour.
4.3. Half ellipsoid modelling clod height shape
Parametric equation of half ellipsoid is:
( )
( )
( )
cos cos( )
cos sin( )
sin
x a v u
y b v u
z h v
ì =ï =íï =î
(11)
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with u∈ −π, π  and v∈ 0, π / 2 , a and b semi axes of the equivalent ellipse and h, height of
the half ellipsoid, that can be estimated by identifying the sum of squares of clod heights and
the sum of squares of model heights, in order to keep the second order moment. An example
of clod modelling is illustrated on figure 6.
Figure 6. Clod modelling by a half ellipsoid
Extracting the identified clods and setting them onto a plane gives a surface with mainly the
same autocorrelation function as the same surface where clods are replaced by their half
ellipsoid model (see figure 7). This illustrates the goodness of fit, when modelling clods and
big aggregates by half ellipsoids. Let us notice that the finite length of surfaces causes oscilla‐
tions in the autocorrelation functions.
4.4. Generation process
Analysis of DEM plots of a soil surface allows deriving the statistical distributions character‐
izing structuring object parameters. As an example, when analyzing a seedbed surface
containing 350 clods, we find that the centers of gravity G and the orientation angles θ of big
aggregates and clods can be assumed uniformly distributed. With the ellipsoid model, the
variables a, b and h are not independent. Therefore intermediate variables have to be intro‐
duced, such as horizontal and vertical compression factors. They can be defined as follows:
h
bf a= (12)
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v
hf a= (13)
Using Pearson’s chi-squared tests of independence, we found a plausible independence of a
and fh and of a and fv. Then, b and h would be derived from fh and fv using equations (12) and
(13).
Generating realistic numerical surfaces is expected for soil science studies as well as for
numerical electromagnetic codes used in remote sensing studies. In order to generate a cloddy
surface, several parameters have to be estimated:
• Number of objects (according to the desired density) No;
• Probability density functions (pdf) of a, fh and fv, θ and G;
• Shape of the substrate, where to put the structuring objects onto.
Then, the proposed generation process is composed of three main steps (see figure 8).
First step is drawing randomly No sets of objects parameters. Variables a, fh and fv as well as θ
and G are drawn according to their pdf. Variables b and h are deduced from fh and fv using
equations (10) and (11). Second step is computing half ellipsoids and sorting them by decreas‐
ing size. Last step is setting each structuring object onto the chosen substrate only if it does not
overlap with a former object; drawing another couple of center of gravity and orientation angle
otherwise.
5. Results and discussion
This generation process has been applied, until now, only on a natural freshly tilled seedbed
surface. We estimated Gamma pdf for a and Bêta pdf for fh and fv. A correction has to be made
Figure 7. Autocorrelation functions of clods set onto a plane and fitted
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for a, since the minimum diameter of our aggregates is 7 mm and not zero. Therefore, the
computing is performed with the translated variable a – amin, where amin designates the mini‐
mum value of a. Figures 9 to 11 show the cdf of observed and modelled major semi-axis a and
compression factors fh and fv. The small difference between the model and the data in each case,
less than 3%, confirms the theoretical distributions. The data modeling is also validated by
Pearson’s chi-squared tests. Figure 12 shows a generated surface obtained by placing half
ellipsoids onto a plane.
Figure 8. Generation process flow chart
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Figure 9. Cdf of half ellipsoid major semi-axis a fitted by Gamma function
Figure 10. Cdf of horizontal compression factor fh fitted by Bêta function
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Figure 11. Cdf of vertical compression factor fv fitted by Bêta function
Figure 12. Generated numerical surface
The generated soil surface on figure 12 is a simplified surface representing only some irregu‐
larities of the soil. Aggregates and clods cover about 30% of a surface. A more complex model
would include also the holes or depressions and an appropriate substrate. The segmentation
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methods presented in this chapter have the potential to detect also the holes. Characterization
of a more realistic substrate than a plane is a complex problem that has not been solved until
now.
In order to validate the exposed generation process, the autocorrelation function of generated
surface was compared to that of the surface obtained by setting the half ellipsoid modelling
the automatically identified clods and aggregates of the seedbed surface under study onto a
plane. Both autocorrelation functions can be seen on figure 13.
Figure 13. Autocorrelation functions of half ellipsoids set onto a plane by fitting detected clods or by generation proc‐
ess
One can see that the autocorrelation function of generated surface reproduces satisfactorily
the shape of the autocorrelation function of the modeled clods set onto a plane, which is
encouraging for future work. The black curve is a mean autocorrelation function, estimated
on 15 realizations of generated surface. It has thus no more oscillations.
Recently, some authors have recalled the need to characterize the soil structure [69] or to define
appropriate parameterization of the microtopography [70]. Addressing the arrangement of
aggregates and clods contributes to these objectives. The proposed approach for modelling
soil characteristics and generating soil surface is robust, as shown by the results. It relies on a
geometric model of clods, which gives a physical basis to the characterization of surface
microrelief. It represents also a progress in modelling compared to preceding works [22, 38,
66]. Future work should take into account soil depressions in relation to aggregates and clods.
6. Conclusion
Taking into account the structured elements when studying roughness effects is more and
more brought into focus. The soil irregularities at millimeter or centimeter scales have an
impact on hydrological processes, as they influence water outflow and infiltration rate. They
have also an influence on remote sensing studies, by producing scattering and shadowing
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effects. The proposed approaches in this chapter are detecting and characterizing some of the
soil surface irregularities that are clods and big aggregates. Little studies were dedicated to
this topic. For seedbed-type surfaces, a contour-based identification method enables to
automatically retrieve the clods and big aggregates on a 3D DEM with a sensitivity of 75% and
a specificity of 95%. Then modelling clods by semi-ellipsoïds is suitable and allows reproduc‐
ing the same autocorrelation function. The cdf of the semi-ellipsoïds parameters were fitted
with relative errors less than 3%. Numerical soil surfaces were successfully generated by
placing semi-ellipsoïds onto a plane, according to the statistical distributions. These recent
works were applied to a limited number of soils and should be extended to more soils. Interest
of a good surface roughness description is allowing generating realistic numerical surfaces.
Such surfaces are then very useful for soil science studies as well as for electromagnetics codes
used in remote sensing.
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